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Big Data: Lessons learned by a 
confused novice  

Tim Mattson,  
Intel Parallel Computing Lab 



Introduction 
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To support my kayaking habit I 
work as a parallel programmer 

Which means I know how to turn 
math into lines on a speedup plot 

P 

S 

I am a simple kayak instructor 



My Journey into Big Data 
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I spent a few 
years working on 

Parallel Graph 
algorithms 
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My Journey into Big Data 
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I spent a few 
years working on 

Parallel Graph 
algorithms 

… and since graphs are 
heavily used in Big Data, 

that means I’m a  “Big 
Data Expert” 



… 2 years ago 
Intel made me 

responsible for a 
big data research 

center 

I was WAY out of my league … but 
I’m slowly coming up to speed. 

I’ve learned 4 key lessons over the 
last year! 

ISTC	
  Research	
  themes	
  
•  Data	
  Analy4cs	
  &	
  Processing	
  Pla:orms	
  
•  Scalable	
  Math	
  and	
  Algorithms	
  
•  Visualiza4on	
  
•  Architecture	
  

	
  



Lesson 1: Hype Abounds 

•  This truly is the most overly hyped field I’ve ever touched. 
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The Big Data 
Revolution will be 
bigger than the 

internet. 

Big Data has ended privacy as 
we know it … Big Data will let 
Big-Government/Big-Business 

control your life. 

 BIG DATA: A REVOLUTION THAT WILL TRANSFORM 
HOW WE LIVE, WORK, AND THINK …  big-data analytics is 

revolutionizing the way we see and process the world …  
compare its consequences to those of the Gutenberg printing 

press. 



Understanding the structure of hype 

11 Source: http://www.calisto.bg/userfiles/file/Mastering%20Hype%20Cycle%20-%20Sofia.pdf (collected Oct 12, 2014) 



Understanding the structure of hype 

12 Source: http://www.calisto.bg/userfiles/file/Mastering%20Hype%20Cycle%20-%20Sofia.pdf (collected Oct 12, 2014) 

This pattern is very 
common  



Understanding the structure of hype 

13 Source: http://www.calisto.bg/userfiles/file/Mastering%20Hype%20Cycle%20-%20Sofia.pdf (collected Oct 12, 2014) 

The origin of the 
hype curve 



Understanding the structure of hype 

14 Source: http://www.calisto.bg/userfiles/file/Mastering%20Hype%20Cycle%20-%20Sofia.pdf (collected Oct 12, 2014) 

The big question for 
Big Data … where are 

we on the hype 
curve? 



Lesson 2: Big Data isn’t that big (so far) 

•  Most Big Data data-sets are not that Big compared to modern 
storage technologies. 

•  Consider the following 
– 300 Million people in the U.S.. 
– A genome has 3 billion base pairs, but we only need to store the 

differences relative to a reference genome … maybe 1 percent. 
– The genetic code uses four nucleotides … i.e. a 2 bit code. 
– So I can store key genomic data on entire US population in:  

–  3*10^8 people * 3*10^9 base-pairs * 0.01*2 bit * 1 byte/8 bit ≈ 2 Petabytes 
– And there is so much similarity between genomes, this data could be 

compressed an additional one or two orders of magnitude. 
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So if it’s not the size, what is big data really all about? 



Big Data: It’s more than the size 
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Big Data: It’s more than the size 
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Response … automation; i.e. You can’t do Big Data “by 
hand”: 
•  Automatically Stream data into your data store system 
•  Automatically condition data so you can use it 
•  Automatically generate classifiers and find trends 
•  Automatically discover “actionable knowledge”  



Lesson 3: Move queries, not data 
•  A motivating example:  

– Use fMRI data to connect the mind to 
the brain … requires processing at  
human-interactive speeds (~ 1 Sec.). 

– Assume a typical data center: 
– High speed network (2 GB/s). 
– Separate data and computer 

servers. 
– Data set is 480 GB.  Do the math: 

– 480 GB * (1 sec/2 GB) à4 Min 
– But it’s even worse … 

– We actual want to do correlations 
across hundreds of subjects … 400 
minutes just to move data around! 
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Raw fMRI 
Data 

Patterns of 
correlated 

voxels 

1 subject, ~480 Gbytes raw data 

Image Sources: Princeton Neuroscience Institute and Wikipedia 

Compute on Data where it is stored …  
move queries, not the  data 



Lesson 4: One size does not fit all 

•  The application/source dictates the structure of the data: 
– Arrays  
– Tables 
– Documents 
– Other? 

•  Different applications mean different structure. 
•  A mismatch between Data and its Data store means the 

queries don’t fit the data … leading to inefficiency or messy 
programming. 
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The structure of the data must match the Data store 



ISTC	
  Research	
  themes	
  
•  Data	
  Analy4cs	
  &	
  Processing	
  Pla:orms	
  
•  Scalable	
  Math	
  and	
  Algorithms	
  
•  Visualiza4on	
  
•  Architecture	
  

	
  

So what will we be 
doing at our ISTC? 



•  Consider	
  pa4ent	
  data	
  in	
  an	
  Intensive	
  Care	
  Unit	
  
(e.g.	
  MIMIC	
  II	
  data	
  set*)	
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Big	
  Data	
  in	
  the	
  real	
  world	
  
	
  

•  Demographic  
•  Caregiver 

notes 
•  Medical 

charts 
•  Lab test 

results 
•  Xray, MRI, 

etc. 

•  EKG traces 
•  Blood 

oxygen 
•  Blood 

pressure 
•  EEG traces 

The challenge … apply predictive analytics across all data … so we 
can show up to restart a heart before it stops beating!!! 

* MIMIC:  Multiparameter Intelligent Monitoring in Intensive Care, http://www.physionet.org/mimic2/  
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Big	
  Data	
  in	
  the	
  real	
  world	
  
Messy,	
  heterogeneous,	
  complex,	
  streaming	
  …	
  

•  Demographic  
•  Caregiver 

notes 
•  Medical 

charts 
•  Lab test 

results 
•  Xray, MRI, 

etc. 

•  EKG traces 
•  Blood 

oxygen 
•  Blood 

pressure 
•  EEG traces 

tables 

documents 

#images 

Arrays 

Arrays 

Time Series 

Time Series 

tables 

tables 

•  Consider	
  pa4ent	
  data	
  in	
  an	
  Intensive	
  Care	
  Unit	
  
(e.g.	
  MIMIC	
  II	
  data	
  set*)	
  

Time series and tabular data are stored in a DBMS.   
Other data?  Flat files 

# MIMC doesn’t include images.  We are talking to several groups to add an image database to our project  

* MIMIC:  Multiparameter Intelligent Monitoring in Intensive Care, http://www.physionet.org/mimic2/  



Analysis	
  of	
  published	
  MIMICII	
  papers	
  

•  Data	
  in	
  databases	
  is	
  used;	
  
data	
  in	
  files	
  is	
  not	
  
–  Data	
  in	
  files	
  is	
  nearly	
  
equivalent	
  to	
  dele4ng	
  the	
  
data	
  

Data Volume 
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1 files* 

databases* 

*Based on PhysioNet 
  MIMIC2 ICU data 

1000 
10

0x
 

1000x 

Source: Vijay Gadepally of MIT Lincoln labs 

A disruptive idea: Match data to the data-store 
technology but present as a single Data Base 

Management system to the end-users … A disruptive 
idea we call Polystore.   
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Real Time DBMSs 

BigDAWG Query Language
and Data Federation layer

Visualization & presentation
e.g., ScalaR, imMens, SeeDB, Prefetching

SW Development
e.g, APIs for traditional languages, Julia, GraphMat, ML Base

SciDB
Analytics
e.g., PLASMA, ML algos, plsh, GraphBLAS, other analytics packages

TupleWare

Hardware platforms
e.g., Cloud and cluster infrastructure, NVM simulator, 1000 core simulator, Xeon Phi, Xeon

Applications
e.g., Medical data, astronomy, twitter, urban sensing, IoT 

TileDBS-Store

“Narrow Waist” 
Provides Portability

MyriaX
Analytics DBMSs 

Spill 
Stream 

BigDawg:	
  An	
  integrated	
  polystore	
  system	
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BigDAWG Query Language
and Data Federation layer

“Narrow Waist” 
Provides Portability

BigDawg:	
  An	
  integrated	
  polystore	
  system	
  

Let’s focus on 
this layer … the 

heart of 
BigDAWG 



BigDAWG Data Federation 
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•  Two Key Components: 
– BigDAWG Query Language or BQL:  

–  the quest for “one query language to rule them all” 
– BigDAWG Data Federation API: 

–  Islands: a collection of data stores that share a data 
model and query language 

–  Shims: to translate queries between islands 
– Casts: to move data from one island to another 

High risk 
transformative 

research … many 
people think this is 

impossible.  

Based on ISTC research 
over the last 3 years, 

we think we know how 
to do this 

RDBMS = relational DBMS 
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ABSTRACT
This paper presents BigDAWG, a reference implementation of a
new architecture for “Big Data” applications. Such applications
not only call for large-scale analytics, but also for real-time stream-
ing support, smaller analytics at interactive speeds, data visualiza-
tion, and cross-storage-system queries. Guided by the principle that
“one size does not fit all” [13], we build on top of a variety of stor-
age engines, each designed for a specialized use case. To illustrate
the promise of this approach, we propose to demonstrate its effec-
tiveness on a hospital application using data from an intensive care
unit (ICU). This complex application serves the needs of doctors
and researchers and provides real-time support for streams of pa-
tient data. It will showcase novel approaches for querying across
multiple storage engines, data visualization, and scalable real-time
analytics.

1. INTRODUCTION
The Intel Science and Technology Center (ISTC) for Big Data

was founded in 2012. This center, with an open IP model, has fa-
cilitated building a community of researchers with a focus on Big
Data storage architectures, analytics, and visualizations while con-
sidering streaming and future disruptive technologies. The cen-
ter is now entering a “capstone” phase where it is implementing
a federated architecture to enable query processing over multiple
databases, where each of the underlying storage engines may have
a distinct data model. To tackle this challenge, the Big Data An-
alytics Working Group (BigDAWG) project seeks to explore chal-
lenges associated with building federated databases over multiple
data models [5, 10], specialized storage engines [13], and visual-
izations for Big Data [11].

1.1 MIMIC II Application
The working group first converged on a representative use case

to demonstrate the challenges inherent in applications that bring to-
gether the needs of many users and data sources. This use case is
based on the real intensive-care unit (ICU) dataset, MIMIC II [12]
(or “Multiparameter Intelligent Monitoring in Intensive Care (MIMIC)
II”).

MIMIC II is a publicly accessible dataset covering about 26,000
ICU admissions at Boston’s Beth Israel Deaconess Hospital. It con-
tains waveform data (up to 125 Hz measurements from bedside
devices), patient metadata (name, age, etc.), doctor’s and nurse’s
notes (text), lab results and prescriptions filled (both semi-structured
data). In practice, the hospital would store all of the historical data,
augmented by real-time feeds from current patients. Hence, this
system must support a variety of data types, standard SQL analyt-
ics (e.g., how many patients were given a particular drug), complex
analytics (e.g., compute the FFT of a patients waveform data and
then compare it to “normal”), text search (e.g., find patients who re-
sponded well to a particular drug or treatment), and real-time mon-
itoring (e.g., detect abnormal heart rhythms).

BigDAWG stores MIMIC II in a mixture of backends, includ-
ing Postgres, which stores the patient metadata, SciDB [4], which
stores the historical waveform data in a time-series (array) database,
S-Store [1], which stores a stream of device information, and Apache
Accumulo, which stores the associated text data in a key-value
store. In addition, we will evaluate several novel storage engines,
as outlined in Section 2.5. Each of these databases is good at part of
the MIMIC II workload, but none perform well for all of it. Hence,
this application is a good example of “one size does not fit all”.

To demonstrate this multi-faceted use case, we plan to offer the
following interfaces for user interaction:
Browsing: This is a pan/zoom interface whereby a user may browse
through the entire MIMIC II dataset, drilling down on demand to
access more detailed information. This interface will efficiently
display a top-level view (an icon for each group of the 26,000
patient-days) and flexibly enable users to probe the data at different
levels of granularity. To provide interactive response times, Big-
DAWG will prefetch data in anticipation of user movements. We
are presently researching this issue.
Exploratory Analysis Users will interactively explore interesting
relationships in medical data with the help of BigDAWG. Figure 2
is an example of this screen. Here, the system draws the user’s
attention to an unusual relationship in their selected patient pop-
ulation between race and hospital stay duration. This population
reverses the trend seen in the rest of the data. From this graph,
the user will have the opportunity to drill down into the source
data to determine what prompts this correlation. This interface will
demonstrate the features discussed in Section 2.2.
Complex Analytics: This screen enables a non-programmer to run
a variety of complex analytics, such as linear regression, fast fourier
transforms, and principal component analysis, on patient waveform
data. This interface will highlight the research challenges explored
in Section 2.4.
Text Analysis: From this window a user may run complex key-
word searches such as “find me the patients that have at least three
doctor’s report saying ‘very sick’ and are taking a particular drug”.
These non-trivial queries will showcase our novel facilities for query-
ing over multiple data models in Section 2.1.
Real-Time Monitoring: In this demo, the waveform data of cur-
rent patients will be stored in S-Store, a novel transactional stream
processing engine. We will have a monitoring display to show
this real-time patient data. In addition, we will have a workflow
that compares the incoming waveforms to reference ones, raising
an alert when the engine identifies significant differences between
the two. This interface will demonstrate the capabilities in Sec-
tions 2.3.

1.2 Guiding Tenets
By working on this demo, we have uncovered several guiding

principles for building the BigDAWG reference implementation.

1

Our	
  VLDB’2015	
  Demo	
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Our	
  VLDB’2015	
  Demo	
  

Shim 

Myria 

MyriaQ 

SciDB 

MyriaX 

Hypotension predictor 

We have preliminary results targeting MyriaX, SciDB, S-store, D4M, graphulo 
and several visualization packages. 



Spark Serial C++ Grappa MyriaX SQL 

SQL Datalog MyriaL ?? 

Relational Algebra + Iteration 

Compiler Compiler Compiler Compiler Compiler 

MyriaQ 

Oceanography, Astronomy, Biology, Medical Informatics 

Magda Balazinsk, Bill Howe, Dan Suciu, Dan Halperin http://myria.cs.washington.edu/ 



The	
  App:	
  Hypotension	
  Predictor	
  
•  Problem:	
  blood	
  pressure	
  drops	
  (hypotension)	
  àshock	
  à	
  death.	
  	
  Early	
  interven4on	
  is	
  key	
  

for	
  survival.	
  
•  Solu4on:	
  Machine	
  learning	
  over	
  heterogeneous	
  data	
  (from	
  MIMIC	
  II)	
  to	
  iden4fy	
  pa4ents	
  

about	
  to	
  suffer	
  from	
  a	
  severe	
  drop	
  in	
  blood	
  pressure?	
  
•  Algorithm	
  (from	
  Saeed	
  and	
  Mark*)	
  	
  build	
  a	
  classifier	
  ..	
  Haar	
  transforms	
  over	
  MIMICII	
  4me	
  

series	
  data,	
  summarize	
  as	
  histograms,	
  and	
  performs	
  a	
  K	
  nearest	
  neighbor	
  search.	
  	
  
Correlate	
  with	
  pa4ent	
  data.	
  

30 

Source: Magdalena Balazinska and Brandon Haynes, university of Washington. 
*A Novel Method for the Efficient Retrieval of Similar Multiparameter Physiologic Time Series Using Wavelet-Based Symbolic 
Representations.  Mohammed Saeed and Roger Mark, http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1839671/ 
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SciDB	
   Myria-­‐X	
   MyriaX	
  +SciDB	
  

Hypotension	
  Classifier	
  	
  
Run6me	
  in	
  seconds	
  (lower	
  is	
  be<er)	
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Real Time DBMSs 

BigDAWG Query Language
and Data Federation layer

Visualization & presentation
e.g., ScalaR, imMens, SeeDB, Prefetching

SW Development
e.g, APIs for traditional languages, Julia, GraphMat, ML Base

SciDB
Analytics
e.g., PLASMA, ML algos, plsh, GraphBLAS, other analytics packages

TupleWare

Hardware platforms
e.g., Cloud and cluster infrastructure, NVM simulator, 1000 core simulator, Xeon Phi, Xeon

Applications
e.g., Medical data, astronomy, twitter, urban sensing, IoT 

TileDBS-Store

“Narrow Waist” 
Provides Portability

MyriaX
Analytics DBMSs 

Spill 
Stream 

BigDawg:	
  An	
  integrated	
  polystore	
  system	
  



Arrays	
  in	
  Big	
  Data	
  problems	
  
•  Data	
  is	
  oben	
  naturally	
  considered	
  as	
  an	
  array:	
  

–  An	
  object	
  with	
  mul4ple	
  dimensions	
  (e.g.	
  2)	
  
–  The	
  dimensions	
  define	
  a	
  logical	
  coordinate	
  space	
  	
  
–  A	
  cell	
  “exists”	
  at	
  each	
  point	
  in	
  the	
  coordinate	
  space.	
  
–  A	
  cell	
  has	
  one	
  or	
  more	
  afributes	
  which	
  collec4vely	
  define	
  the	
  
“value”	
  at	
  that	
  cell.	
  

•  Data	
  is	
  usually	
  sparse	
  
–  E.G.	
  the	
  AIS	
  data	
  set	
  
showing	
  ship	
  loca4ons	
  
as	
  a	
  func4on	
  of	
  4me	
  in	
  
and	
  around	
  U.S.	
  waters	
  



TileDB	
  a	
  new	
  array	
  data	
  storage	
  manager:	
  
op4mized	
  for	
  Sparse	
  Arrays	
  

x 

y 

cell 

empty cell 

dimensions 
tile 

attribute values 
(a1, a2, …, am) 

Logical	
  representa6on	
   Physical	
  representa6on	
  

(x, y) a1 

… 

am 
cell tile 

Files coordinates 

Tile: Atomic unit of processing 
Segment: Atomic unit of I/O 

segment 

Manage array storage as tiles of different shape/size in the 
index space, but with ~equal number of non-empty cells 



Loading	
  data	
  into	
  TileDB	
  

… 

Files sorted on cell id 

Impose	
  a	
  global	
  order	
  

sort	
  
Pack	
  cells,	
  create	
  book-­‐
keeping	
  structures	
  
(make_tiles)	
  

Logical	
  	
  
representa6on	
  



TileDB	
  use	
  case:	
  genomic	
  data	
  
•  Consider	
  data	
  represen4ng	
  differences	
  from	
  a	
  reference	
  genome	
  stored	
  in	
  the	
  

standard	
  “genomic	
  variant	
  Call	
  format”	
  (gVCF).	
  
–  A	
  sample	
  is	
  one	
  subject’s	
  exome	
  (the	
  por4on	
  of	
  the	
  genome	
  that	
  is	
  

“translated”	
  into	
  protein)	
  …	
  ~10MB	
  
–  Each	
  line	
  in	
  the	
  gVCF	
  file	
  corresponds	
  to	
  a	
  range	
  of	
  chromosome	
  

posi4ons.	
  	
  	
  
–  The	
  value	
  at	
  each	
  posi4on	
  is	
  a	
  measure	
  of	
  the	
  probabilis4c	
  similarity/

dissimilarity	
  to	
  a	
  reference	
  sample	
  at	
  that	
  posi4on.	
  

A genomics center has lots of these files … E.G. the Broad has 1K in their 
public data set and 100K in their internal data sets!  These numbers will 

grow radically over time. 



Processing	
  over	
  gVCF	
  data	
  

•  An	
  important	
  use	
  of	
  gVCF	
  data	
  is	
  compare	
  
many	
  genomes	
  to	
  iden4fy	
  muta4ons	
  at	
  
specific	
  posi4ons	
  (e.g.	
  joint	
  genotyping).	
  

•  Our	
  collaborators	
  at	
  the	
  Broad	
  Genomics	
  
ins4tute*	
  gave	
  us	
  a	
  joint	
  genotyping	
  proxy	
  
applica4on:	
  
– Load	
  	
  gVCF	
  files	
  and	
  compute	
  median	
  values	
  over	
  
5000	
  posi4ons	
  across	
  all	
  samples	
  

* The authors of the famous GATK genome processing software. 



Data	
  Loading	
  cost	
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inutes) BCF: GATK SW 
Optimized by 

Intel 

Intel® Xeon® E5 2697 v2 CPU, 12 cores, dual socket, 128 GB RAM, CentOS6.6, Western 
Digital 4 TB WD4000F9YZ-0 as a ZFS RAID0 pool.  Single thread/core results. 



Joint	
  Genotyping	
  Benchmark*	
  

# samples 

Tim
e (Seconds) 

BCF: GATK SW 
Optimized by 

Intel 

Intel® Xeon® E5 2697 v2 CPU, 12 cores, dual socket, 128 GB RAM, CentOS6.6, Western 
Digital 4 TB WD4000F9YZ-0 as a ZFS RAID0 pool.  Single thread/core results. 
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*Benchmark jointly developed by Intel and the Broad Genomics Institute. Each sample is 
10MB.  Compute correlations across samples at ~5000 positions.   
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Real Time DBMSs 

BigDAWG Query Language
and Data Federation layer

Visualization & presentation
e.g., ScalaR, imMens, SeeDB, Prefetching

SW Development
e.g, APIs for traditional languages, Julia, GraphMat, ML Base

SciDB
Analytics
e.g., PLASMA, ML algos, plsh, GraphBLAS, other analytics packages

TupleWare

Hardware platforms
e.g., Cloud and cluster infrastructure, NVM simulator, 1000 core simulator, Xeon Phi, Xeon

Applications
e.g., Medical data, astronomy, twitter, urban sensing, IoT 

TileDBS-Store

“Narrow Waist” 
Provides Portability

MyriaX
Analytics DBMSs 

Spill 
Stream 

BigDawg:	
  An	
  integrated	
  polystore	
  system	
  



Visualiza6on	
  

•  Visualiza4on	
  is	
  the	
  primary	
  way	
  user’s	
  
consume	
  data	
  

•  Has	
  been	
  an	
  aberthought	
  in	
  data-­‐intensive	
  
systems	
  

•  Tremendous	
  opportuni4es	
  to	
  improve	
  
performance	
  and	
  usability	
  of	
  vis	
  by	
  4ghtly	
  
coupling	
  with	
  data	
  processor	
  



SeeDB	
  
Parameswaran	
  (Stanford)	
  et.	
  al.	
  VLDB	
  2014	
  

•  Key	
  idea:	
  	
  help	
  users	
  find	
  interes4ng	
  things	
  
in	
  data	
  sets	
  

•  Visualiza4ons	
  are	
  (usually)	
  plots	
  of	
  2	
  (or	
  3)	
  
afributes	
  
– E.g.,	
  sales	
  by	
  region	
  

•  What	
  makes	
  a	
  visualiza4on	
  interes4ng?	
  
– Relevant	
  to	
  user	
  
– Highly	
  variable	
  
– Not	
  too	
  many	
  or	
  too	
  few	
  dis4nct	
  values	
  



Approach	
  
•  SeeDB	
  searches	
  through	
  all	
  visualiza4ons	
  of	
  2,3,…,n	
  dimensions	
  

–  Using	
  an	
  efficient	
  techniques	
  to	
  compute	
  all	
  group	
  by	
  queries	
  
•  Finds	
  most	
  interes*ng	
  view	
  
Given	
  query	
  Q	
  over	
  subset	
  of	
  data	
  D’	
  of	
  database	
  D	
  

	
   	
  interes6ngness	
  =	
  Q(D’)	
  –	
  Q(D-­‐D’)	
  	
  
i.e.,	
  data	
  with	
  most	
  varia4on	
  in	
  user-­‐specified	
  D’	
  vs	
  en4re	
  D	
  

Example:	
  	
  Compute	
  average	
  sales-­‐by-­‐region	
  (Q)	
  in	
  database	
  D,	
  
where	
  user	
  focuses	
  on	
  subset	
  of	
  sales	
  of	
  electronics	
  (D’)	
  

	
  
Max(Q(D’)	
  –	
  Q(D-­‐D’))	
  	
  =	
  places	
  where	
  sales-­‐by-­‐region	
  of	
  electronics	
  

most	
  different	
  from	
  sales-­‐by-­‐region	
  of	
  all	
  other	
  products	
  

One 
of m

any 

possi
ble 

metric
s 



“Most	
  Interes6ng”	
  Group	
  Bys	
  
Contributor	
  Profession	
  vs	
  Frac4on	
  $’s	
  

reg=	
  dem.	
  
reg=repub.	
  



Scorpion	
  	
  
(Sam	
  Madden	
  and	
  	
  Eugene	
  Wu,	
  MIT)	
  

•  Aber	
  SeeDB:	
  	
  you	
  found	
  something	
  interes4ng,	
  now	
  what?	
  

•  Common	
  problem:	
  outliers	
  
•  Need:	
  a	
  method	
  to	
  discover	
  why	
  outliers	
  exist	
  



Defini6on	
  of	
  Why	
  
Given	
  an	
  outlier	
  group,	
  find	
  a	
  predicate	
  over	
  the	
  inputs	
  
that	
  makes	
  the	
  output	
  no	
  longer	
  an	
  outlier.	
  	
  

i	
  =	
  Input	
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Defini6on	
  of	
  Why	
  
Given	
  an	
  outlier	
  group,	
  find	
  a	
  predicate	
  over	
  the	
  inputs	
  
that	
  makes	
  the	
  output	
  no	
  longer	
  an	
  outlier.	
  	
  

i	
  =	
  Input	
  Data	
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1
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4

5

Italy France Spain US

Output	
  Visualiza4on	
  

p	
  

Removing	
  the	
  predicate	
  makes	
  US	
  no	
  longer	
  an	
  outlier	
  
	
  
What	
  are	
  common	
  proper*es	
  of	
  those	
  records?	
  	
  	
  

{Bill	
  Gates,	
  Steve	
  Ballmer}	
  
p:	
  Company	
  =	
  MSFT	
  



Am I ready to  change my Introduction slide? 



Am I ready to  change my Introduction slide? 



Big Concerns over Big Data 

•  Big Data methods find hidden information buried in massive 
piles of data 

•  If one is not careful: 
– Over fitting simple models … confuse your self with noise 
– Becoming confused by spurious correlations 
– Bad data can’t magically give you good knowledge. 
– Pretending that prediction is knowledge. 

50 



Spurious Correlations 

•  Does correlation imply causality?   

51 
Source: http://www.tylervigen.com/, collected 10/15/2014 



Spurious Correlations 

•  Does correlation imply causality?   

52 
Source: http://www.tylervigen.com/, collected 10/15/2014 



Google Flu 

•  Google claims that they can track influenza outbreaks in the 
U.S. just by tracking the queries that people post in their web 
searches. 

•  The concept is interesting, but there are issues. 
•  My biggest problem is that as of fall’Google has never 

published the details of which queries they track or how they 
process them to lead to their predictions. 
–  It’s hard to do science when there is no transparency 
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Google results are poor and misleading 

•  Compare Google Flu results to CDC’s results (based on 
verified records doctor’s visits. 

54 



Google results are poor and misleading 

•  Compare Google Flu results to CDC’s results (based on 
verified records doctor’s visits. 
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The overwhelming 
majority of people 

who think they have 
the flu, don’t. 
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So why would their 
search queries give 

you any indication of 
the incidence of flu? 
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Finding Trends in 
“bad” data will not 
magically produce 
“good” knowledge. 



Am I ready to  change my Introduction slide? 

NO!!  There is too 
much that concerns 

me with the Big Data 
world to fully commit 

to the game. 



I think I’ll stick to my old Introduction slide? 



Summary 

•  Big Data Computing on real world workloads will require: 
– Computing where the data resides 
– Analytics integrated with the DBMS 
– Good usability so data scientists can get their job done 

•  At the Big Data Intel Science And Technology Center (BD-
ISTC) we are working on a solution stack to address these 
and related topics. 

•  Stay tuned as we: 
– Address basic research questions on unified query languages and 

data-analytics/DBMS integration 
– Build a prototype to test our concepts (between now and 2017). 


